The flood pulse concept refers to seasonal variations in river water level and is the driving force in river-floodplain systems that 'responsible for the existence, productivity and interactions' of these system´s biota. This seasonal variation is inherent to riverfloodplain systems and establishes a natural pattern of these ecosystems that has frequently been observed in nature. One particular river-floodplain system of interest is the Upper Parana River and its floodplain, whose upstream contains a reservoir cascade that caused profound alterations on its flooding regime by having diminished flood magnitude, but increased its frequency. In this study, I sought to explore the flood pulse condition in the Upper Paraná River Floodplain by using a set of state-of-the-art spectral and non-linear analyses and a time series of water level fluctuations (1968-2017) from this system. I divided the data into four periods: i) natural regime period, ii) transitional period, iii) dam cascade period, and iv) Primavera's dam period. Spectral analysis demonstrated a decrease in the annual cycle amplitude, reflected in its power spectrum, which means a weakening in the difference between flood and drought events.
Introduction
Understanding the dynamics of water level fluctuations in floodplains is very important to elucidate the flood regime and its consequences (Lowe-McConnell, 1987) .
The flood pulse concept (Junk and others 1989) refers to seasonal variations in river water level and is the driving force in river-floodplain systems that are 'responsible for the existence, productivity and interactions' of these system´s biota. Consequently, the concept (flood pulse) attempts to relate the biota component with the environmental component of big river-floodplain systems. This seasonal variation is inherent to riverfloodplain systems and establishes a natural pattern of these ecosystems that has frequently been observed in nature (Middleton 2002) .
One particular river-floodplain system of interest is the Upper Parana River and its floodplain. That interest is because it represents the last stretch of this river that remains undammed in the Brazilian territory. It is located inside three Conservation Units (Ward and Stanford 1995; Souza-Filho 2009) . The upper Paraná floodplain has its biochemical cycles intimately related to periodic increases of water level (Thomaz and others 1992) .
One particular contribution to the understanding of damming history of this system was provided by Souza-Filho, (2009) . The author categorized the time series of water level fluctuations into two periods: The period before 1972 is the Natural Regime Period and the period after 1972 is the Modified Regime Period (or Controlled Regime Period). The latter period is subdivided into three other intervals: the Transitional Period (from 1972 to 1981) , the Regulated by the Cascade of Dams Effect Period (from 1982 to 1998) and the Regulated by the Porto Primavera Hydroelectric Power Plant Period (from 1999 to recent time).
Investigate the flood dynamics in each of these periods can provide insightful information about the modification caused by damming regulations. We can analyze these time series in the time domain using classical linear methods such as autocorrelation.
Alternatively, they can be analyzed in the frequency domain, using spectral analysis.
When analyzing a sample time series, analysis in both the time and frequency domains may be useful in highlighting different features of the data. That features can summarized using wavelet analysis. Some have recommended the use of the Fourier transform to decompose variation in ecological or environmental phenomena, such as hydrodynamics (Sabo and Post 2008) . However, wavelets have the advantage over Fourier transforms in their scale independence and ability to examine multiple scales simultaneously (Torrence and Compo 1998) . Most of the signals encountered in hydrology and earth sciences are characterized by intermittent or transient features that lead to nonstationary data series (Labat 2010) . Due to their attractive properties, such as insensibility to nonstationary signals, wavelets have been explored for use in aquatic time series analysis being particularly useful for identifying the regularities (e.g. annual cycles) in a time series (Seuront and Strutton 2004; Labat 2010; Niu and Sivakumar 2013; Maity and others 2016) .
Despite these known regularities characterized by annual flood cycles, there is an inherent nonlinear nature of hydrologic time series that comprehends an example of complex dynamic phenomenon that can jeopardize such regularities (seasonality) and prediction power (Sivakumar, 2009 ). This limitation makes classical linear approaches such as autocorrelations functions and classic time series tools not very appropriated to this type of data. In this case, the use of nonlinear time series analysis (NTSA) techniques is very important for attain information from this complex systems (Sivakumar and Berndtsson 2010; Huffaker and others 2017) . The goal of any nonlinear dynamical analysis of a data series is to extract features of the dynamics of the underlying physical and chemical processes that produce that spatial pattern or time series. The basis of nonlinear analysis lies in powerful proposals put forward by Packard et al., (1980) and proved rigorously by Takens, (1981) . The main task of nonlinear time series analysis is to extract information on the dynamical system from the observation of its evolution. This approach is different from the statistical one, in the sense that it can overcome typical limits of the traditional linear and statistical tools. As a result of this analysis one can estimate the level of determinism (and predictability) of the system and evaluate the amount of system's order which can be used to gather information about the entropy of the system (Parrott 2004) . 
Methods

Study Area
I studied the water level fluctuations in the Upper Paraná River floodplain, one of the most dammed stretch of the Paraná River, suffering influences from several hydroelectric impoundments (Fig. 1 ). This floodplain is located at the border of the states 
Hydrologic time-series data
To initiate the study, I developed a hydrological database of river water levels fluctuations from the study area. This hydrologic data is public available and can be downloaded from the Agência Nacional de Águas (ANA; Brazil's National Water Agency) using the Hydroweb platform querying for Porto São José hydrological station 
Wavelet analysis
To access the different types of periodicity on the hydrological time series data, I used the wavelet transform method. In this analysis the original time series is compared to a mother wavelet function. There are plenty of mother wavelets (e.g. Mexican hat, Gaussian and Morlet). Particularly in this study, I used the Morlet wavelet due to its localization in both time and frequency and because it is widely use in climate data (SANTOS and others 2001; Grinsted and others 2004; Mwale and others 2004) and ecological data (Cazelles and others 2008) . This type of analysis is a spectral technique that partitions the variability contained in a time series into variability associated with specific timescales. We used this method in each one of the four categories of time-series data with the intent to validate and compare the strength of periodicities in each period.
For that, we used the WaveletComp package (Rosch and Schmidbauer 2014) in the R program (R Core Team 2019).
Non-linear analysis
In order to study the evolution of water level fluctuations in each delimited period one can embed the water level time series to an N-dimensional vector space or Phase Space. This process recreates the dynamics of system conditions through the study of the revealed trajectories of the water level fluctuations in the Phase-Space. This is the cornerstone (thirst steps) to study dynamic systems. In this section, I will describe my approach, based on the concepts of the Nonlinear Time Series Analysis framework: the attractor reconstruction, the recurrence plot (RP), and the recurrence quantification analysis (RQA).
Attractor reconstruction
The attractor of the water level underlying dynamics was reconstructed in phase space by the time delay vector method (Takens 1981; Abarbanel 1996) . Starting from a time series [s1… sN], where si = s(i∆t) and ∆t is the sampling time, the system dynamics can be reconstructed using this method. The system's trajectory is expressed as a new matrix X in which each row is a vector xi = [si, si+τ… si + (DE−1) τ] of phase space and i = 1 … N -(DE−1) τ. The matrix X is characterized by two key parameters: the embedding dimension DE and the delay time τ. The delay parameter τ can be estimated using the Mutual Average Information function (Thiel and others 2004) and the embedding dimension DE by using False Nearest Neighbors (Abarbanel 1996) 
. The False Nearest
Neighbors is a dimensionality test that estimate the minimal number of dimensions while reducing the quantity of false nearest neighbors in limited number of dimensions. In other words, it estimates the number of state variables that are responsible for the system´s dynamics. This dimensionality test results in the minimum dimension at which the reconstructed attractor can be considered completely unfolded and there is no overlapping of the trajectories. If the dimensionality is to low, the attractor is not completely unfolded and the underlying dynamics cannot be investigated. This is the basis for transforming the one-dimensional time-series s into a multidimensional phase-space X (Fig. 2 ). 
Time series analysis based on recurrence plots (RPs)
Once the matrix X is reconstructed based on the original time series, a common feature observed is the recurrence of its state vectors xi, it is important to clarify that in matrix X states with large temporal distances may be close in state space. To visualize such recurrences and proximities of states the recurrence plot (RP), proposed for the first time by Eckmann et al., (1987) , is a visual tool able to identify temporal recurrences in multidimensional phase spaces. In the RP, any recurrence of state i with state j is pictured on a boolean matrix expressed by:
where xi, xj ∈ R De are the embedded vectors, i, j ∈ N, Ɵ (·) is a step function and is an subjective threshold. Thus, in the resulting graph (see Fig.4 ) every nonzero entry of , , thanks to the step function, is marked by a black dot in the position (i, j), otherwise, the plot are left blank. For instance, if the signal in one´s data is a sine wave (a complete deterministic and periodic pattern), then recurrences will occur with a period equal to that of the signal; the recurrence plot comprises continuous diagonal lines that are continuous thought the plot. The lack of any diagonal lines suggest that the signal is stochastic (se 
Recurrence quantification analysis (RQA)
The RP provides a visual manner for inspecting the recurrent behavior of variables and various complex patterns, which is very useful for time series analysis as they provide a graphical impression of the dynamics of the study system (Marwan and others 2007) .
However, beyond superficial impressions of stochasticity and determinism, the plots provide no quantification of such processes. Recurrence quantification analysis (RQA) is based on deriving quantitative measures from the distribution of lines on the recurrence plot. It is a method initially develop in theoretical physics (Eckmann and others 1987) and applied to various non-linear problems numerous and diverse fields of study (Webber and others 2009) 
Results
The visual inspection of the seasonality of the data on each period can demonstrate key differences since the start of the impoundments (Figure 3) . Visually there is an equivalence of water level values towards the end of the time series (2017). This lack of difference within the year period can be an indication to seasonality weakening of the flood pulse. The attractor reconstruction revealed high dimensionality (DE) in the four periods ( Table 2 ). The period with higher dimensionality was the period mainly influenced by the dam cascade in which six state variables are responsible for its attractor.
The remaining periods all were composed by 5 state variables. It is worth to recall that each state variable is a different dimension in phase space (Fig. 2) and can be recognized as a controlling variable not sampled or unknown in the system. Raw water level time series (Figure 4a) The original time series of the selected time periods are displayed in Fig 4a. Visually, it is virtually impossible to infer anything about the system dynamics from these figures, however, some visual features can be highlighted. In the Natural period, some clearer periods are visible with more periodic peaks. This pattern seems to dissolve in the next periods where strong peaks are followed by epochs with noisier structures. So, this
gives the impression that the damming operations reflects in noisier and possible chaotic dynamics. Therefore, wavelet analysis and RQA which allows the analysis of periodicities and chaotic behavior was applied to these datasets in order to have insights into the dynamics of the flood pulse.
Wavelet analysis (Figure 4b)
Clearly there is a predominance of the yearly water level cycle (the flood pulse per se) in each of the four periods (red band across the entire four wavelets graphs). The dominant band in concentrated in the 370 days period across all four periods, however, as can be noted in Fig. 5 , its absolute power level has decreased at each studied period.
This reflects what in observed in Fig. 3 the decrease of the seasonality strength. One interesting thing that can be observed in the wavelets portrait in the appearance of numerus sub annual bands in the Transitional, Dam cascade and Primavera periods. This indicates the presence of (added to the annual cycle) semiannual, quarterly, monthly and even weekly cycles (in Primavera graph one can note small spots in the 7-8 days period band). This demonstrates strong changes in the water level periodicities in the floodplain system. (Figure 4c ) periods, not only with respect to the annual cycle problem but also studying deterministic behavior, transient processes, and trends in those time series. This allowed us to gain key information not available thought classical procedures and will assuredly help us to better conservations and management practices of the system at hand.
Recurrence Plots and Recurrence Quantification Analysis
In
Flood Pulse Spectra
One interesting aspect addressed by this study is the periodicity of the flood pulse.
Periodicity is a fundamental pattern in many natural time series and, the periodicity of water level fluctuation of the Parana River Floodplain suffered critical changes across the studied time periods. Despite observing an appreciable power in the spectrum of timefrequency analysis (wavelet) obtained form all four time periods, it has been weakened across the years (Fig. 5 ). This mean that the seasonal hydrological regime is losing its power, in other words, the floods and the droughts are leveling (Fig. 3) Diagonal-wise dynamic invariants (DET, Lmax, ENT and TREND) According to common stochastic hydrology theory (Yevjevich 1972 (Yevjevich , 1974 (Yevjevich , 1987 Sivakumar 2017) , both deterministic and random components are included in hydrologic time series. Deterministic components, mainly including periodic process and transient process (trends), are generated by certain deterministic physical mechanisms. The usual way of looking for order in a time series is to compute its power spectrum (Degn and others 1987) . Generally, in a pure random process, the power spectrum fluctuates erratically around a constant value, stipulating that are no prominent frequency explaining any more of the variance of the sequence than any other frequency. So, we can identified such periodic deterministic process using wavelet spectral analysis (Smith and others 1998; Labat 2008) . In natural conditions, the flood pulse can be perfectly predicable, and characterized by a monomodal flood pulse with an annual cycle of high and low water periods (Junk and others 1989) . Determinism and order are prevalent in such natural annual flood pulse. The decrease of such determinism can point out a shift to a more stochastic structure in flood dynamics. Although we observed frequency predominance (annual flood pulse) in all studied periods ( Fig. 5 ) a less deterministic structure was present towards the end of the time-series (Fig. 6) .
As a measure of flood instability, a lower DET value indicates less predictability of water level fluctuations (see Tab. 1). DET is the percentage of total recurrences that form diagonal lines in the recurrence plot and the mean diagonal line (Lmean) are both related to predictability in a positive way (Webber Jr. and others 2005) . Similarly to DET Lman also decreased and reflected such positive link between then. Such results indicates a noisier or a more 'random-looking' structure in our data. The time series periods was separated accordingly to dam operations. Such damming generates a well know cascade effect impacting the entire river-floodplain system (Agostinho and others 2004) . The combine cascading of events can strongly amplify the impact caused by single events in terms of extension of the affected area and damage level. The final cascade impact can be shattering and need to be prudently evaluated in terms of planning and management (Zuccaro and others 2018) .
The diagonal lines in the RP correspond to parallel trajectory sections, so the extent of these lines is somehow related to the divergence behavior of the dynamical system. Lmax corresponds to the length of the longest diagonal line segment in the plot and short diagonal lines is an indicative of system´s divergence (i.e. mathematical chaos) (Eckmann and others 1987; Trulla and others 1996) . In a simple way, chaos refers to disorder or the absence of some kind of order. A chaotic system is a complex, aperiodic (no system recurrences) and sensitive to its initial conditions and implies strong restrictions on the ability to predict future states. In that sense, the power spectrum provide convincing distinction between periodic and aperiodic systems. Therefore, the study system is a periodic system and maintain its periodicity in the four study periods ( Fig. 5) , however, it has lost a great deal of its power spectrum as already discussed in previous section. While it would need more specific analysis to detect the presence of chaos in our time-series data (Ellner and Turchin 1995; Marwan 2010; Sivakumar 2018) it is arguable that as clearly reflected by the values of the dynamic invariants ( Primavera). This few persistent values can be related to a certain homogeneity in the water level distribution values towards the last study period culminating in more homogenous density distribution ( fig. 3) and Recurrent Plots (Fig. 4c) . The results indicates more homogeneus point's distribution towards the last study period. Stationary time-series provides somewhat homogeneous recurrence plots, while nonstationary signals causes major changes in points distribution of recurrence points resulting in bright visible areas in the plot (Marwan and Kurths 2002) . This information is also captured in the TREND variable. The lesser the TREND the more stationary the system. This indicates that the water levels fluctuations in the PIARP is getting more stationary jeopardizing its flood temporal variability (Tonkin and others 2017) .
Vertical-wise dynamic invariants (%LAM and TT)
Both %LAM and TT indexes decreased towards the last study period. They are related to flood intermittency (periodicity). Intermittent behavior reflects the water level fluctuation that exhibits changes in dynamics from fluctuating (slow changes; 1 st period -Natural) to relatively stationary (fast changes; last period -Primavera). This results are complementary to the spectral and RQA diagonal-wise invariants since it also show a less periodic (more stationary) behavior.
In the present study, a statistical framework based on spectral, nonlinear theory and recurrence analysis of dynamical systems has been proposed in order to quantitatively identify the temporal characteristics of flood pulses in UPRF. The statistics support more stochastic, nonlinear and unpredictable structure in the flood pulse dynamics. The analysis presented helps to statistically discern the temporal patterns of the flood pulse phenomena and characterize the transitions observed. Moreover, the above mentioned characteristics of flood pulse dynamics may have significant implications to future impoundments underling an extraordinary situation of shifts between droughts and floods conditions. Such anthropogenic stressors are altering the natural periodicity of abiotic and biotic events. Dams are the present example example of anthropogenic stressors that severely altered seasonality in the study system. This altered seasonality can be harmful, jeopardizing the ability of organisms to harmonize their cycles with the seasonal phenomena ( however, their ecological integrity is threatened by a series of upstream reservoirs and an inappropriate use of the watershed.
